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Background

e o Curse of dimensionality: Training diffusion models (DMs)
directly on 3D volumetric data is challenging.

training DEI
)( 3D DM

e &= Realistic and practical solution: Train on 2D slices,
denoise slice by slice, then stack into a volume.
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2D DM

x High dimensionality
x heavy computational cost
x insufficient data.
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inter-slice discontinuities
Intrinsic randomness: The stochasticity of diffusion

sampling causes independent slice-wise sampling to produce
Inter-slice discontinuities.
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@ Solution: Inter-Slice Consistent Stochasticity (ISCS):
Control inter-slice stochasticity to align sampling trajectories
and mitigate inter-slice discontinuities at the source.

. Intuition: The core idea Is straightforward.

* |f two slices are adjacent in the clean data manifold,
they should also be close in the noise manifold.

* Therefore, their stochastic noise during diffusion
sampling should be strongly correlated, rather than
fully independent.

Noisy data manifold

Clean data manifold

e How to build correlated noise volume?

An ideal correlated noise volume should have spatially
varying correlations: (1) strong between adjacent slices for
local consistency, and (2) gradually decaying with distance
to allow global structural variation.

. interpolation-based strategy: For a volume composed
of § slices, sampling two anchor noise vectors (start and
end points of a geodesic path on the hypersphere), z;,Zs.

Then generate the correlated noise volume by Spherical
Linear Interpolation (Slerp)
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(c) Slerp noise (Ours)

(a) Independent noise (b) Identical noise (BCS)

* How to integrate with diffusion samplers?

Just replace the independently noise in any diffusion sampler’s
re-noising step with the generated correlated noise volume.
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Algorithm 1 2D DIS for 3D medical imaging with ISCS

1: Input: y, Pre-trained DM ey, Timesteps 7', Noise schedule {ay }1_.
2. X7 ~ N(O,I),

3:fort=17—1,...,0do

4. > I. Denoising Prediction

5 \/g_t(xt — \/1 — 651’;69* (Xt))

6 > 2. Data Fidelity Update ‘Dropein gz
7 Xp|¢ = argmin ly — Az||5 + A||z — XOItH% ' No Opy; O.rA"yD’S, ]
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. end for
. return x
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Total Variation (Post-Hoc)

* Enforces smoothness directly on the result

* Mitigates the visible effects of stochasticity

ISCS (source-level control)

* Controls stochasticity during sampling
* Targets the root cause of stochasticity

—4- DDS+ISCS
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